In this study we consider two methods of returns based style analysis for classification of investment styles for a single asset class, US Diversified Equity Funds. We extend Sharpe's (1992) style Returns Based Style Analysis (RBSA) by forming style groups using cluster analysis and RBSA factors. We also introduce a parsimonious Best Fit Index (BFI) of style classification which explicitly acknowledges the existence of market segmentation and practitioner benchmarking. The methods provide complementary information about mutual fund returns. Both methodologies explain a significant proportion of the cross section of out of sample returns, but the BFI method performs better out-ofsample is more transparent and more closely aligned to investment practice.
Introduction
Despite general agreement that a range of differing investment styles does exist and despite similarities between descriptions of investor types, there is no uniformly accepted classification of equity styles and those most commonly used allow a wide range of strategies to be employed under the broad umbrella of their classification.
Our study focuses on a single but diversified asset class -US diversified equity funds, using a large sample of US mutual funds. We focus on two different methods of returns based style analysis and consider the implications for selection or appraisal of investment managers. We identify the different type of information provided by the two methods, economic exposure and index benchmarking, and compare the explanatory power of RBSA with style clusters and best fit indices in and out of sample.
Our findings confirm the continuing relevance of Returns Based Style Analysis (RBSA) but extend the usefulness of the findings by forming style groups on the basis of RBSA coefficients. Prior studies have focussed on individual funds or analysis of averages of funds defined by broad portfolio classifications such as 'prospectus objectives'. The formation of style groups greatly improved the usefulness of the output in terms of benchmarking or peer group analysis, the main purpose of style classification. Membership of style groups based on common characteristics explained a significant proportion of out of sample returns. The importance of identifying the correct benchmark is underlined by empirical evidence that fund flows follow outperformance of benchmark indexes, Gruber (1996) and Sirri and Tufano (1998), whilst Del Guercio and Tkac (2008) highlight the effect of Morningstar ratings on mutual fund flows, again supporting the importance of establishing the correct peer group as money flows to funds with the highest ratings in their category.
We also use a new parsimonious returns based model to establish which index was the 'Best Fit Index' (BFI) for each individual fund based on a series of OLS regressions against a wide range of style indices. Our BFI methodology overcomes one of the major criticisms of RBSA analysis, the lack of statistical transparency, as BFI indices were found to have very high levels of statistical significance. This approach also has intuitive appeal as funds are generally benchmarked against a particular index. Chan et al (2002) noted that funds tended to 'cluster' around a broad index such as the S&P 500 but our analysis shows that actually they are clustered around a range of differentiated style indices. The BFI method meets the peer group and benchmarking criteria essential to classification of fund styles and explains the cross-sectional variation of out of sample returns better than the RBSA methodology. It may be considered as a special case of Sharpe's (1964) CAPM but instead of proxying the market portfolio with a broad index we seek to identify 'the market' or investment universe for each individual fund.
Our second approach to returns based style analysis is grounded in practitioners' tendency to explicitly or implicitly evaluate investment funds against an appropriate benchmark index. Chan et al (2009) among others note this industry practice and stress the importance of establishing the appropriate 'investment domain' for investment managers (see also; Lehman and Modest (1987) and Brown and Goetzmann (1997) ). The evolution of the construction of benchmark indices has served to mitigate some of the concerns that Kuenzi (2003) raised about matching investors to an appropriate 'strategy benchmark' i.e. one that more closely reflects the fund's true investment universe. Kuenzi (2003) and note that using an inappropriate benchmark leads to a built in tracking error and hinders evaluation using tools such as the information ratio. The concept of identifying the correct index is also highlighted by recent work by Cremers and Petajisto (2009) and Cremers et al (2010) who use a range of indices for their analysis of active management.
We evaluate both methods of style classification, RBSA and BFI, against out of sample returns following the approach of Brown and Goetzmann (1997) to establish the extent to which either methodology can provide useful information for peer group analysis or benchmarking.
Here we assess two alternative methods of returns based style analysis for the purpose of benchmarking and peer group analysis; essential functions for the selection, evaluation and attribution of investment funds. To this end we modify Sharpe's (1992) RBSA methodology by forming style groups using RBSA factors and we use a modified version of the CAPM model by selecting the appropriate 'market' or investment domain for individual funds. The format of the paper is as follows: section 2 describes the data and methodology, section 3 outlines the styles formed, section 4 discusses our out of sample model and section 5 provides a summary and our conclusions.
Data & Methodology

Data
We use a large database of U.S. Diversified Equity Funds supplied by Morningstar, for our Mutual Funds Portfolio Returns data base; data are monthly total returns data for the period 1996-2005. We 
RBSA Methodology
In Sharpe's (1992) original analysis he used a wide range of asset classes, including four U.S. equity indices, befitting the nature of his diverse fund sample. In our analysis which is confined to U.S. equities, we use four stock indexes: Russell 1000 Growth, Russell 1000 Value, Russell 2000 Growth and Russell 2000 Value. These indices are the most commonly used indices for this type of analysis and the most widely used by practitioners for benchmarking in the U.S. equity market. The Sharpe conditions, that the set of indices used for RBSA is exhaustive and exclusive, i.e. cover the full market and no stock is represented in more than one index, leads to some compromises. These conditions in practice restrict analysis to one index provider per asset class but also mean that the full range of indices by any provider for that asset class cannot be included in any individual RBSA estimation as indices are not exclusive with respect to their constituents e.g. Russell 1000 comprises Russell 1000 The model we employ is the standard Sharpe (1992) style RBSA model the 'strong' version of RBSA with the portfolio restriction i.e. coefficients sum to one (equation 2) and the short-sales restriction i.e. negative coefficients of the factors are not allowed (equation 3). For further discussion of these issues see ter Horst et al (2004) and Swinkels and Van der Sluis (2006) In our Sharpe style model we run the RBSA optimisation for 36 month periods and repeat the process for each period ending Dec 1998 to Dec 2005; Sharpe used a period of 60 months in his original 1992 study but this 'average' exposure is unlikely to capture nuances of style and strategy over a stock market cycle as noted by Christopherson (1995) and others. We thus end up with the large number of 'individual' fund investment styles ranging from 763 based on the formation period 1996-98 to 1,930 based on the period 2003-05. For each fund the style information illustrated in Table 1 is generated by the RBSA model but in varying proportions depending on the estimated exposure to the returns of the various indices, what Sharpe (1992) termed 'the economic exposure' to those factors. Whilst this information is useful for analysis of an individual fund it is does not serve the benchmarking function against either a known index or a peer group. We address this issue of multiplicity of styles by forming style clusters based on the RBSA coefficients i.e. the hypothetical index weightings that would be held in a passive Sharpe index.
In order to utilise the results of our RBSA style analysis in the context of style classification, bearing in mind the purpose of style analysis i.e. peer evaluation and performance attribution, we use kmeans cluster analysis to form 'style groups' based on the index coefficient weightings created by the Sharpe model. We classify funds into nine groups, in line with the Morningstar Stylebox (See Kaplan et al (2003) ). The RBSA results do not fit exactly into the style box format as due to the exclusivity restrictions we do not use mid-cap indices or 'core' indices such as the Russell 1000. This cluster methodology forms groups on the basis of most similar characteristics; the characteristics in this case being the weighting attached to the Russell indices. We undertake the analysis for each set of 36 months results and produce a set of independent clusters each time. Because each set of clusters is formed individually, groups may differ from year to year.
Best Fit Index (BFI) Methodology
As an alternative method of returns based style analysis we consider whether a single 'Best Fit Index' can adequately represent funds various investment styles. This method has intuitive appeal because we know that funds are often explicitly benchmarked against a stock market index. In order to establish whether the Russell and Standard & Poor's indices can explain a large proportion of the monthly returns of our sample of mutual funds we run individual regression analysis for each fund in our sample against twenty seven Russell and Standard & Poor's U.S. equity indices encompassing the full range of style and value-growth permutations. We record the highest r 2 or best-fit index for each fund to create our Best Fit Index (BFI) sample. We use our BFI sample for comparison with our RBSA styles both in and out of sample to address the question whether these more sophisticated style indices reflect the cross section of returns of our mutual fund sample as well or better than our RBSA model. The methodology is outlined below.
For each mutual fund we run an Ordinary Least Squares regression (equation 4 The two methodologies we employ aim to capture different things and thus provide complementary information. Sharpe's (1992) RBSA aims to minimise tracking variance relative to a set of asset classes or factors whereas our Best Fit Index methodology uses a number of OLS regression to identify a single stock market index or factor which fits the return profile of a fund best over periods under analysis.
ii We next consider the style groups formed by these returns based methodologies and their usefulness in explaining the cross section of out-of-sample fund returns. Sharpe (1992) observed that many of the differences in U.S. equity mutual fund returns could be attributed to their exposures to four U.S. equity indexes representing Large-Capitalization Value Stocks, Large-Capitalization Growth Stocks, Medium-Capitalization Stocks and Small-Capitalization
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Stocks. The variability in these index returns was found to be greater from year to year than randomly formed security groups, and as fund exposures across these asset classes varied greatly Sharpe (1992) attributed a significant proportion of fund returns to the combined effect of the returns on asset classes and exposure to those assets. He developed the RBSA model to capture the 'estimated' average exposure to those asset classes based on historic fund returns. Sharpe (1992) style RBSA uses the returns on a collection of equity indices, (the factors), to replicate an investment Value' funds may react more or less to movements in small cap value indices thus complementing information which may be generated by establishing which market index best fits a funds returns.
Best Fit Index Styles
The concept of a benchmark index is widely used in practice and in recent years all index providers have moved towards more complex methods of construction which reflect underlying stocks 'growth-value orientation' and the fact that different index 'styles' have a different risk return pattern. We also note Lehmann and Modest's (1987) Table 2 which allows us to make some preliminary observations on the sample and the resulting styles.
We explicitly acknowledge the existence of market segmentation and by using this simple and parsimonious model try to establish which index most closely resembles an individual mutual fund's investible universe i.e. which benchmark index is representative of the 'universe' for that fund. Once the correct benchmark is established it is possible the more accurately estimate value added performance and risk e.g. calculation of information ratios or active risk. Anecdotally we know that there was a move from very large cap growth styles into value based and small cap styles in the wake of the bursting of the 'Technology, Media, Telecom' bubble. We now compare the results of our RBSA style groups and our BFI style groups both in and out of sample.
Discussion of Results for RBSA and BFI Styles
Both methods of style analysis use the same 36 months' estimation periods; what differs between them is the method of estimating style and the style information provided. Table 3 illustrates the basic information which is generated for an individual fund by these processes. It illustrates some of the properties of the methodologies and why they may be complementary given the different types of information they provide. Cross-sectional regression of annual and monthly out of sample returns of mutual fund against dummy variables signifying membership of a RBSA or BFI style group. Membership of style groups is exhaustive and exclusive. Style groups are formed in the basis of 36 months in sample and tested for the subsequent 12 months out of sample.
Where: =fund returns at time , i  =dummy variables representing membership of style groups where =8 for RBSA and =26 for BFI, i  = sensitivity coefficient for each fund to each style group, = net effect of all other unobservable factors
The ANOVA F statistic tests the null hypothesis that all slope coefficients are jointly zero. High levels of F statistics reject the null hypothesis that membership of style groups did not explain a significant proportion of out of sample returns of mutual funds belonging to designated style groups.
Our out of sample results for the two methods of returns based style analysis for the period 1999 to 2005 are presented in Table 5 . The appropriate test for statistical significance of this regression with dummy variables is the ANOVA F statistic which tests the null hypothesis that all slope coefficients are jointly zero. The high levels of F statistics that we find in our regression results strongly rejects the hypothesis that membership of style groups does not explain a significant proportion of out of sample returns of mutual funds belonging to designated style groups. When we compare the results for the out of sample tests for the RBSA and BFI style groups we find that in the five out of seven test periods the BFI method performs better than the RBSA method (for both the annual returns Whilst it may appear at first that the clustered RBSA approach may have advantages over a single benchmark due to its ability to combine more than one benchmark this is not the case. Despite the significant improvements the modified RBSA makes over the basic model utilised by Sharpe (1992) and Brown and Goetzmann (1997) The BFI approach is aligned with industry practices and such alignment appears to continue into the period following formation of style groups; funds measure themselves against stock index benchmarks and compete within clearly defined market segments against their peers. Chan et al (2002) and Cremers and Petajisto (2009) amongst others, verify the importance of such benchmarks.
The existence of market segments has been known for many years, see Haughton and Pritamani's (2005) comments on the seventies or Bernstein (1999) , who defined market segments as groups of stocks that performed similarly over more than one economic cycle, and Menzly and Ozbas (2010) who investigate the effects of investor specialization and market segmentation. Investment practices to exploit these market anomalies can be traced back to the 1930's with Benjamin Graham or T.
Rowe Price. Kudish (1995) notes that managers don't change style, even if that style is underperforming, for both business and philosophical reasons. This view is shared by Detzel and Weigand (1998) who consider persistence in mutual fund performance. Therefore it seems likely that when a fund belongs to a clearly defined market segment or is benchmarked against a particular style index that it is likely to continue to exhibit these properties into the future.
It should also be noted that style indices or benchmarks have improved dramatically over the period since Sharpe (1992) 
Conclusion
In this study we consider two methods of returns based style analysis and find that both provide useful insights into mutual fund styles and have a role to play in style analysis. The RBSA method identifies style clusters which are consistent with key market segments and styles widely acknowledged in the equity market, although the requirement for index exclusivity makes it difficult to identify some market segments; notably Mid-Cap styles in our analysis. The BFI method however, by design is structured along the lines of a typical Stylebox; indexes are grouped along the dimensions of size and style. The importance of market segmentation, benchmarking and style persistence may go a long way to explaining the BFI models superior out of sample performance. It was also possible using the BFI method to identify some broad trends in the popularity of funds This leads us to conclude that RBSA can capture some of the complexities of style for a single but diversified asset class but is probably better suited to categories of investment where information is less readily available such as asset allocation and hedge funds, Agarwal and Naik (2000) , or as a complement to BFI or CBS analysis. We believe that a simple Best Fit Index (BFI) model using a single factor methodology is parsimonious and has the advantage of transparency, ease of use and flexibility. We remain cognisant that the $12 trillion mutual funds market is an industry providing differentiated pooled investment vehicles and that methods of analysis that build on market practice are of most interest to the average investor in mutual funds. The BFI methodology is intuitively aligned with market practice and provides a useful method of differentiating between funds comprising the asset class which is U.S. Diversified equity mutual funds, allowing both appropriate benchmarking and peer group analysis. The Table illustrates the distribution of indices which recorded the highest r 2 for each individual fund. In most instances, with the exception of the S&P500, comparable Russell indexes seem to perform the benchmarking function for relatively more funds than the S&P equivalents this supports Haughton and Pritamani's (2005) assertion that Russell indices are the most widely used by practitioners for benchmarking purposes.
